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Abstract 
The main focus of this paper is to develop gap acceptance model for two-wheelers using neuro-fuzzy approach at three legged 
uncontrolled intersections in India. Unsignalized intersections are controlled with the help of stop or yield sign in developing 
countries, but in India, signs do not work and thus they are treated as uncontrolled intersections by the road users. The processing 
of vehicles at unsignized intersection is complex and very interactive, whereby each driver makes individual decisions about 
when, where, and how to complete the required maneuver. Such intersections cannot be analyzed based on the findings of the 
unsignalized intersections in other countries (HCM 2000, for example). This paper systematically analyzes the behavior of right 
turning two-wheelers at uncontrolled intersections. Data on gap acceptance behavior is obtained with Video. The various 
parameters that are collected include vehicle arrival rate, gap accepted/rejected, time to cross the intersection, driver’s gender and 
approximate age, type of conflicting vehicle, and occupancy of two-wheelers. The critical lag and gap by Raff method for two-
wheelers is found to be 2.51 and 2.47 seconds respectively. This value is smaller than the critical gaps reported in other studies. 
An Adaptive Neuro-Fuzzy Interface System (ANFIS) has been developed that estimates the possibility of accepting a given 
lag/gap based on various drivers and traffic attributes. Eight different combinations of attributes are considered.  For model 
calibration, 80% of the extracted data is used and remaining is used for model validation. The percent correct prediction by all 
models for validation data is found to be significant. 
 
Keywords:Uncontrolled intersection, two-wheelers, gap acceptance, Adaptive Neuro-Fuzzy Interface System (ANFIS). 
1. Introduction 
Although cases of red light violation are observed in India, signals have been reasonably efficient in controlling 
traffic flow at road intersections. However, installing signals at all intersections in a network is prohibitively 
expensive; thus signals are not installed at many relatively low volume intersections even in developed countries. In 
India, traffic signals are installed only on major arterials. In developed countries, unsignalized intersections are 
usually controlled by signs which decide the priority of various movements. Efficient enforcement of priority rules 
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has made it possible to cross the intersections with minimum conflicts. However, the situation is totally different in 
India. Most of such intersections do not have stop or yield sign, and even if they exist, drivers do not follow 
indicated priority. Drivers usually do not care much about the conflicting traffic; they attempt to enter intersection, 
even if a conflicting vehicle is about to collide. All these non-standard conditions create very complex travel 
behavior at unsignalized intersections. So most movements at unsignalized intersections are uncontrolled, thus we 
label the unsignalized intersections in India as uncontrolled intersections. In spite of the omnipresence of 
uncontrolled intersections in India, few studies are available in the literature. This paper is attempts to put light on 
some aspects of the traffic flow at uncontrolled intersections. The main focus of this paper is to model the lag/gap 
acceptance behavior of the right turning (in India the driving is on the left side of a road) two-wheelers at three-
legged uncontrolled intersection using neuro-fuzzy approach.  
Highway Capacity Manual (HCM 2000) is used in the USA and many other countries as a standard for 
evaluating and analyzing various transportation facilities including unsignalized intersections. Sign controlled 
intersections are also called priority intersections where the priority rules are well defined. For example, a stop sign 
on minor approach indicates the vehicles on minor street should compulsory stop for a moment and then wait until 
an acceptable gap available. Strict priority rules are not enforced anywhere in India. However, at a few intersections 
and for few movements limited priority is observed internally. An intersection where a village/town road intersects 
with a national highway or a state highway acts as a limited priority intersection. Limited priority is also observed at 
some intersections in urban network. At such intersection, there may or may not be a stop sign on minor road, and 
there is no compulsion for every vehicle on minor approach to stop, but the drivers on the minor road are aware that 
the cross road ahead is a major road with fast moving traffic. Additionally the geometry and pavement conditions of 
each road are also indication of the importance of each road. Thus the vehicles on minor road travelling through and 
taking right turn are cautious about the conflicting traffic on the major road. Similarly the right turning vehicles on 
major road also need to watch for the conflicting traffic in the opposite direction. So these movements are 
considered to follow limited priority. As a step forward in the direction of modelling more complex intersection, in 
this study we are restricting our analysis to only right turning vehicles at three-legged intersections. 
At three-legged intersections, the vehicles on minor road making right turn to merge with the major road traffic 
and the vehicles that cross the major road follow limited priority. The right turning vehicles on the major road also 
follow limited priority as they have to cross the major road traffic on the opposing lanes. Left turning, however, does 
not involve crossing the major road traffic, thus the drivers’ behavior change significantly. Left turning vehicle some 
time turn and travel parallel with a major road vehicle on a single lane. In this paper, we focused on major road 
vehicles making right turn to the minor road. In order to reduce the points of conflicts we considered only three-
legged intersections. 
Gap acceptance is an important objective characteristic of the performance of a driver and it has relevance in 
studies relating to capacities, delays, and road safety at unsignalized intersections.  Gap acceptance behavior is a 
choice to accept or reject gap of particular size and it is the result of decision process of human brain which includes 
an evaluation of set of explanatory variables. Previous research on gap acceptance behavior has acknowledged that 
drivers’ behavior depends on driver characteristics (age, gender, etc), vehicle characteristics (eg. vehicle type), gap 
size, waiting time, etc. Gap acceptance model used in Highway Capacity Manual (HCM 2000) for capacity and 
delay estimation of unsignalized intersections, assumes that all drivers are consistent and homogenous. Considering 
a more realistic approach, this paper attempts to model gap acceptance behavior by considering set of explanatory 
variables which affect the behavior of driver. The evaluation of set of explanatory variables in decision process is 
affected by uncertainty and imprecision. Fuzzy logic plays an important role in the human ability to make decision 
in an environment of uncertainty and imprecision. For the present study, we use neuro-fuzzy approach to model the 
gap acceptance of drivers at uncontrolled intersection. MATLAB is used to develop an Adaptive Neuro-Fuzzy 
Interface System (ANFIS) (Neuro-Fuzzy approach), which provides an optimization scheme to find the parameters 
in the fuzzy system that best fit the data. A network-type structure is similar to a neural network. 
More than 55 million two-wheelers are moving on Indian roads and the share of two wheelers in  Indian is 
significant. Out of about 3.5 million registered vehicles in Mumbai Metropolitan Region (MMR) about 1.9 million 
(that is more than 50%) are two-wheelers. The proportion of two wheelers at intersections selected for data 
collection was found to be 75% of traffic. In spite of the significant share of two-wheelers in India, not many studies 
are available to understand the behavior of two-wheelers in general and gap acceptance behavior at uncontrolled 
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intersections in particular. Therefore this paper attempts to model the gap acceptance behavior of two-wheelers at 
uncontrolled intersections in order to analyze analyze and evaluate the performance of uncontrolled intersections. 
This paper is organized in 8 sections, including this section. Section two discusses the background and the 
literature review on the gap acceptance studies while the data collection and extraction is discussed in section 3 and 
the preliminary analysis of the data is presented in section 4. The detailed  structure of ANFIS is discussed in 
Section 5.  Section 6 and section 7 discusses the development and validation of model respectively, using neuro 
fuzzy approach. Section 8 concludes the paper by presenting important conclusions, and pointing the directions for 
further research. 
2. Background and literature review 
Gap is usually defined as the time interval between the rear bumpers of front vehicle to front bumper of following 
vehicle moving in the same direction on the same lane. Although a few studies have considered both gap and 
headway as the same, headway is the time interval between front bumpers of a vehicle to the front bumpers of 
following vehicle. Lag is the time measurement between two vehicles on different roads. Considerable number of 
studies in the past has focused on understanding gap acceptance, development of deterministic and stochastic gap 
acceptance models and capacities and delays at unsignalized intersections. Some of them are briefly highlighted 
here. 
A pioneering work on unsignalized intersections is done by Tanner (1967, 1962). Tanner (1967) focused on 
finding capacity of minor street, whereas Tanner (1962) focused on developing model to estimate average delay on 
minor street vehicles. In both studies it was assumed that the vehicles on the major road have absolute priority. The 
arrival of vehicles on both major and minor roads is assumed random. Cowan (1987) extended Tanner’s work to 
include a wider class of arrival processes and two types of delay: the delay at the stop line and the delay in the queue 
waiting to reach the stop line, that is, service delay and queuing delay, respectively. Stochastic models of the 
processes have been progressing incrementally, taking more realistic and complex interactions into account. Pant 
and Balakrishnan (1994) developed the neural network and binary-logit gap acceptance model for rural, low volume 
two way stop controlled intersection. Authors concluded that neural network predicted the higher percentage of 
accepted or rejected gap than binary-logit model. Hamed et al. (1997) developed a system of disaggregate models 
that accounts for the effect of intersection, driver and traffic characteristics on gap acceptance for left turn 
maneuvers at urban T-intersections controlled by stop signs on the minor roads. The waiting time for each driver 
was first modeled using the hazards function. The binary probit model was then used to find the drivers probabilities 
of accepting or rejecting a gap. The effect of the main driver, vehicle, trip, gap and traffic attributes on driver gap 
acceptance behavior at T-intersections is investigated by Abu Sheikh (1997), developing Binomial Logit Behavioral 
Models for diver gap acceptance at priority intersections.  
Pollatschek  et al. (2002) developed a microscopic decision model for driver gap-acceptance behavior when 
waiting at an unsignalized intersection on the secondary road and also to estimate the resulting intersection capacity. 
They presented the difference between different driver populations (risk involving vs. cautious) and show how this 
difference actually results in different capacities on the minor road. Aggressive behavior of drivers at unsignalized 
intersection is studied by Kaysi and Abbany (2007).  A model was developed that predicts the probability of driver 
performing aggressive maneuver. Various traffic and driver’s characteristics considered in developing the model are 
driver characteristics (gender and age), car characteristics (performance and model year), and traffic attributes 
(number of rejected gaps, total waiting time at head of queue, and major-traffic speed). The study concluded that 
age, car performance, and average speed on the major road are the major determinants of aggressive behavior. The 
effects of major traffic speed and driver age and gender on left-turn gap acceptance behavior at a stop-controlled 
intersection is evaluated by Yan et al. (2007).  
There is some similarity between the concept of lane changing and gap acceptance model. Wang et al. (2007) 
used fuzzy logic to simulate driver’s lane changing behavior. The corresponding fuzzy logic controller is developed 
which is a Multi-Input Single-Out (MISO) system. The input variables include the states of SV, lead vehicle, and 
vehicles in the target lane and the relative states between these vehicles and environment states. A set of linguistic 
rules were introduced to model driver’s decision-making process. Rossi and Meneguzzer (2002) described the 
application of a neuro-fuzzy system approach to the modeling of gap-acceptance behavior at priority intersections 
and evaluated the effect of crisp variables on fuzzy models of gap-acceptance behavior. A few other studies that deal 
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with gap acceptance studies at unsignalized intersections with assumption that priority is fully respected, include 
Hawkes (1968), Ashworth (1969), Ashton (1971), Miller (1974), Polus et al.(2003), Davis and Swenson (2004), Kay 
et al.(2006),  and Xu and Tian (2008).   
The studies that focus on some aspects of uncontrolled intersections include the work by Chandra et al. (2009), 
Rengaraju and Rao (1995), and Rao and Rengaraju (1997, 1998). Rengaraju and Rao (1995) carried out a study to 
identify suitable probability distribution models for vehicle arrivals at uncontrolled intersections under mixed traffic 
conditions. It was observed that Poisson distribution gives a close fit to vehicle arrivals, if traffic volume is less than 
500 vehicles/hour/lane. For higher traffic volumes, multivariate distribution concept is suggested. The authors in 
another study (Rao and Rengaraju, 1997) developed a model to estimate possible conflicts at urban uncontrolled 
intersection. In yet another study on uncontrolled intersection the authors (Rao and Rengaraju, 1998) used 
simulation to model the conflicts at uncontrolled intersections. Understanding the arrival patterns and the conflicts at 
uncontrolled intersection is important, however, the authors have not extended their work to model the gap 
acceptance behavior. Chandra et al. (2009) developed models for estimating service delay for various vehicle types. 
Based on the data collected at five uncontrolled intersections, eighteen exponential models for different movements 
and vehicle combinations are developed. Only conflicting traffic is used as a variable in all models. A new approach 
for modeling mixed traffic is introduced by Lee et.al (2009), focusing on the movements of motorcycles. In this 
study, the characteristic patterns of motorcycle behavior were identified, and the key elements contributing to these 
patterns were extracted.  
As discussed above, many studies are found in the literature that focuses on unsignalized intersections with 
priority.  However, very limited work has been done for unsignalized intersections without no priority or limited 
priority, which are prevalent in India. In the absence of any well developed methodology often the approach is used 
for sign controlled intersections are used in India which might result in misleading assertion of unsignalized 
intersections and consequently road network. Therefore, it is important that we understand the traffic characteristics 
at uncontrolled intersection and develop an approach to analyze and evaluate it systematically. At limited priority 
intersections under consideration, vehicles do not compulsorily stop at the stop line if sufficient lag is available. The 
reference points for lag measurement are as shown in Figure 1. For finding lag, we use conflict point of the right 
turning vehicles with the opposing vehicles on the inner lane of the major road. Lag is defined as the time elapsed 
after a right turn intended vehicle reaches the stop line until a major approach conflicting vehicle reaches the conflict 
point (refer Figure 1). If t0 is the time noted at section B-B for right turn intended vehicles and t1 is the time noted at 
section A-A for conflicting vehicle provided that right turn intended vehicle is at B-B, then lag is t1- t0. 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
Conflict point 
Figure 1. Measurement of lag 
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3. Data collection and extraction 
Data for this study are collected in the first week of July 2010 at three three-legged intersections in Aurangabad 
city, Maharashtra and in November 2010 at one three-legged intersection in Thane city. Data are collected during 
the morning time (10-11 am) on typical weekdays. The geometric features of two intersections in Aurangabad 
(Intersection 1 and Intersection 4) and intersection from Thane (Intersection 3) is similar (refer Figure 2 (a)).  The 
geometric features of another intersection (Intersection 2) from Aurangabad are as shown in Figure 2 (b).  
The major road at all the intersections is four-lane divided. All three sites are located in plain terrain and adequate 
sight distances are available for each movement. No parking and bus bays are observed nearby and both 
intersections are sufficiently away from upstream and downstream signals. Video camera was placed on the terrace 
of a nearby building in such a way that a good view of all the three approaches is obtained for getting attributes of 
the traffic stream. Another video camera was placed at the road level to get information on driver’s attributes 
(gender and approximate age) and vehicle occupancy. Recording is done for about 60 minutes at each intersection 
on working days. 
The recordings are played at slow speed on a screen to extract the data. As discussed above, we are considering 
two-wheelers that are making right turn from the major road to the minor road. A vehicle intending to take right turn 
reaches the stop lines, assess the conflict possibilities with the main traffic in the opposite direction and make a 
decision about accepting or rejecting a lag/gap. Various attributes extracted from the video recording are vehicle 
arrival rate, gap/lag accepted or rejected, type of conflicting vehicle, drivers gender and age group, vehicle 
occupancy, number of gaps rejected, and intersection clearance time. Lags/gaps were measured in 1/100th of 
second. All vehicles were divided into 4 categories (two-wheeler, auto-rickshaw, car and bus/truck). The recordings 
from the camera placed at ground are used for extracting occupancy, approximate driver’s age, and gender for two-
wheelers. Since the idea on the driver’s age is obtained from visual observation, the variable age is grouped into 
three classes: young (approx younger than 30 years), middle age (approx 30 to 50 years), and old (older than 50 
years). Vehicle occupancy is grouped into one-occupancy and more-than-one-occupancy. The data extraction 
resulted in observations for 384 drivers, and the total lags/gaps (both accepted and rejected) are 675. 
4. Preliminary analysis 
The traffic composition at all intersections, as well as the mode wise (%) share is given in Table 1. It can be 
observed that the proportion of two-wheelers at two intersections is considerably high as compared to other modes 
i.e. 74.47% at intersection-1, 69.93% at intersection-2, 36.74% at intersection-3 and 78.76% at intersection-4.  Total 
Figure 2. (a) and (b): Geometry of intersections and locations of video cameras 
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drivers observed are 384. The total data set extracted of 675 gaps/lags includes 189 two-wheelers with one-
occupancy and 109 more-than-one-occupancy; 72 young drivers, 207 mid-age drivers, and 19 old drivers; 298 two-
wheelers, 91 car, and 286 auto-rickshaws conflicting, and; 335 lags and 340 gaps. 
Table 1. Traffic composition and mode wise (%) share at all intersections 
Intersection 
No. 
Mode 
2W Auto-
rickshaw Car Bus/Truck Sub-Total Total Directions 
In
te
rs
ec
tio
n
 1
 
EW 886 126 109 72 1193 
3549 
ES 127 28 43 14 212 
WE 780 99 98 63 1040 
WS 242 25 45 5 317 
SW 375 32 49 13 469 
SE 233 18 57 10 318 
 
 
  2643 328 401 177 3549   
Mode Share (%) 74.47 9.24 11.30 4.99     
In
te
rs
ec
tio
n
 2
 
EW 489 94 78 58 719 
2138 
ES 8 2 23 0 33 
WE 457 98 85 49 689 
WS 232 13 28 2 275 
SW 214 62 28 1 305 
SE 95 2 20 0 117 
 
 
  1495 271 262 110 2138   
Mode Share (%) 69.93 12.68 12.25 5.14     
In
te
rs
ec
tio
n
 3
 
EW 173 156 203 55 587 
3258 
ES 316 185 197 29 727 
WE 169 128 147 52 496 
WS 83 96 98 3 280 
SW 91 86 155 5 337 
SE 365 167 238 61 831 
 
 
  1197 818 1038 205 3258   
Mode Share (%) 36.74 25.11 31.86 6.29     
In
te
rs
ec
tio
n
 4
 
EW 519 130 49 5 703 
3075 
ES 578 44 46 2 670 
WE 395 98 49 7 549 
WS 179 31 36 0 246 
SW 212 32 37 1 282 
SE 539 43 41 2 625 
 
 
  2422 378 258 17 3075   
Mode Share (%) 78.76 12.29 8.39 0.55     
Total 7757 1795 1959 509 
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From data set of lags and gaps, it is observed that minimum accepted lag is 1.34 sec., while minimum accepted 
gap is 1.03 sec. Since the age is obtained purely from visual observation for preliminary analysis it is divided into 
only two groups: young and non-young. The cumulative percentage of acceptance and rejection of these two age 
groups is shown in Figure 3(a) and (b) respectively.  
From graph it is clear that, there is higher cumulative percentage of young drivers than non-young drivers who 
accepts the lag/gap <t seconds and less cumulative percentage of young drivers than non-young drivers who rejects 
the lag/gap>t seconds. The aggressive behavior of young drivers is reflected in the Figure 3 (a) and (b). For a given 
gap, a smaller percentage of young drivers compared to non-young drivers reject the gap. Additionally, almost no 
gap of greater than about 3.5 sec. is rejected by young drivers, but almost 10% of the non-young drivers reject a gap 
of 3.5 sec.  
Also the values of critical lag/gap are calculated using the definition proposed by Raff (1950). Raff defines the 
critical gap as the gap for which the number of accepted gaps shorter than it is equal to the number of rejected gaps 
longer than it. The separate analysis of lag and gap resulted in a critical lag of 2.51 seconds and a critical gap of 2.47  
seconds. These values of critical lags/gaps are much smaller than the critical lags/gaps reported in other studies. The 
values of critical gap and critical lag obtained from Raff method for left turning vehicles by Gattis and Low (1998) 
are 4.2 sec and 5.6sec respectively. The data for this study is collected at stop-controlled intersections in 
Fayetteville, Arkansas. In another study with the data collected in Mayagüez, Puerto Rico the critical gap for left 
turning vehicles from major road is found to be equal to be 3.95 seconds (Rodríguez, 2006). To the best of our 
knowledge there is no study, before this, that focuses on the gap acceptance behavior of two-wheelers. 
5. Structure of ANFIS 
Integrated neuro-fuzzy systems can combine the parallel computation and learning abilities of neural networks 
with the humanlike knowledge representation and explanation abilities of fuzzy systems. As a result, neural 
networks become more transparent, while fuzzy systems become capable of learning. Recently, Jang (1993) 
proposed a neural network that is functionally equal to a Sugeno fuzzy inference model. He called it an Adaptive 
Neuro-Fuzzy Inference System or ANFIS. A typical Sugeno fuzzy rule can be expressed in the following form: 
IF x1 is A1 AND x2 is A2 .....AND xm is AmTHEN y=f(x1,x2,.......,xm) 
Where, x1,x2,.......,xm are input variables; A1,A2,.....,Am are fuzzy sets; and y is either a constant or a linear function of 
the input variables.When y is a constant,a zero-order Sugeno fuzzy model will be obtained in which the consequent 
of a rule is specified by a singleton. When y is a first-order polynomial, i.e.y=k0+k1x1+k2x2+....+kmxm, a first-order 
Sugeno fuzzy model will be obtained.  
    Figure 3(a) and (b). Cumulative percentage of acceptance and rejection for different age groups of drivers’ 
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ANFIS is normally represented by a six-layer feedforward neural network. Figure 4 shows the ANFIS 
architecture that corresponds to the first- order Sugeno fuzzy model with two inputs  x1 and x2 and one output y.  
 
 
Figure 4. Structure of ANFIS 
Layer 1 is the input layer. Neurons in this layer simply pass external crisp signals to Layer 2. That is, 
                   (1) 
where xi(1) is the input and yi(1) is the output of input neuron i in Layer 1. Layer 2 is the fuzzification layer. Neurons 
in this layer perform fuzzification. In this model, fuzzification neurons have a bell activation function. A bell 
activation function, which has a regular bell shape, is specified as, 
 
 
              (2) 
where xi(2) is the input and yi(2) is the output of neuron i in Layer 2; and ai, bi and ci are parameters that control, 
respectively, the centre, width and slope of the bell activation function of neuron i. Layer 3 is the rule layer. Each 
neuron in this layer corresponds to a single Sugeno-type fuzzy rule. A rule neuron receives inputs from the 
respective fuzzification neurons and calculates the firing strength (i.e. μ) of the rule it represents .In an ANFIS, the 
conjunction of the rule antecedents is evaluated by the operator product. Thus, the output of neuron i in Layer 3 is 
obtained as, 
                                (3) 
where xji(3) the input from neuron j located in Layer 2 to neuron i in Layer 3, k  number of fuzzy set neurons and 
yi(3)is the output of rule neuron i in Layer 3. Layer 4 is the normalisation layer. Each neuron in this layer receives 
inputs from all neurons in the rule layer, and calculates the normalised firing strength of a given rule. The 
normalised firing strength is the ratio of the firing strength of a given rule to the sum of firing strengths of all rules. It 
represents the contribution of a given rule to the final result. Thus, the output of neuron i in Layer 4 is determined as, 
      (4) 
where xji(4)is the input from neuron j located in Layer 3 to neuron i in Layer 4, and n is the total number of rule 
neurons. Layer 5 is the defuzzification layer. Each neuron in this layer is connected to the respective normalisation 
neuron, and also receives initial inputs, x1 and x2. A defuzzification neuron calculates the weighted consequent value 
of a given rule as, 
    (5) 
where xi(5)is the input and yi(5)is the output of defuzzification neuron i in  Layer 5, and ki0,ki1and ki2 is a set of 
consequent parameters of rule i. Layer 6 is represented by a single summation neuron. This neuron calculates the 
sum of outputs of all defuzzification neurons and produces the overall ANFIS output, y, 
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     (6) 
Thus, the ANFIS shown in Figure 4 is indeed functionally equivalent to a first-order Sugeno fuzzy model. However, 
it is often difficult or even impossible to specify a rule consequent in a polynomial form. Conveniently, it is not 
necessary to have any prior knowledge of rule consequent parameters for an ANFIS to deal with a problem. An 
ANFIS learns these parameters and tunes membership functions. An ANFIS uses a hybrid training algorithm for 
calibrating the membership functions that combines the least-squares estimator and the gradient descent method 
(Jang, 1993). First, initial activation functions are assigned to each membership neuron. The function centres of the 
neurons connected to input xi are set so that the domain of xi is divided equally, and the widths and slopes are set to 
allow sufficient overlapping of the respective functions.  
In the ANFIS training algorithm, each epoch is composed from a forward pass and a backward pass. In the 
forward pass, a training set of input patterns (an input vector) is presented to the ANFIS, neuron outputs are 
calculated on the layer-by-layer basis, and rule consequent parameters are identified by the least- squares estimator. 
In the Sugeno-style fuzzy inference, an output, y, is a linear function. Thus, given the values of the membership 
parameters and a training set of P input-output patterns, we can form P linear equations in terms of the consequent 
parameters as: 
 
 
 
 
 
                                          (7) 
or 
 
 
 
 
 
 
 
(8) 
where, m is the number of input variables, n is the number of neurons in the rule layer, and yd(p) is the desired 
overall output of the ANFIS when inputs x1(p),x2(p),.....,xm(p) are presented to it. 
In the matrix notation, we have 
(9) 
where, yd is a P×1desired output vector, 
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A is a P×n(1+m) matrix, 
 
 
 
and k is a n(1+m) ×1 vector of unknown consequent parameters, 
 
 
 
Usually the number of input-output patterns P used in training is greater than the number of consequent 
parameters n(1+m). It means that this is an overdetermined problem, and thus exact solution to Eq. (9) may not 
exist. Instead, a least-square estimate of k; k*is found out, that minimises the squared error (Ak-yd)2. It is done by 
using the pseudoinverse technique: 
(10) 
where AT is the transpose of A, and (ATA)-1AT is the pseudoinverse of A if (ATA) is non-singular. 
As soon as the rule consequent parameters are established, an actual network output vector, y, can be computed 
and the error vector, e, is determined, 
(11) 
In the backward pass, the back-propagation algorithm is applied. The error signals are propagated back, and the 
antecedent parameters are updated according to the chain rule.  
Consider a correction applied to parameter a of the bell activation function used in neuron A1. The chain rule is 
expressed as follows: 
(12) 
where α is the learning rate, and E is the instantaneous value of the squared error for the ANFIS output neuron, i.e., 
 
(13) 
Thus, 
(14) 
or 
(15) 
where, 
 
 
 
 
Similarly, corrections are obtained applied to parameters b and c. 
In the ANFIS training algorithm, both antecedent parameters and consequent parameters are optimised. In the 
forward pass, the consequent parameters are adjusted while the antecedent parameters remain fixed. In the backward 
pass, the antecedent parameters are tuned while the consequent parameters are kept fixed. However, in some cases, 
when the input- output data set is relatively small, membership functions can be described by a human expert. In 
such situations, these membership functions are kept fixed throughout the training process, and only consequent 
parameters are adjusted (Jang et al., 1997). 
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6. Model development 
An Adaptive Neuro-Fuzzy Interface System (ANFIS) has been developed using Fuzzy Logic toolbox in 
MATLAB. Four input variables i.e. size of lag/gap(sec.), age of the driver, conflict vehicle type, occupancy,  and 
one output variable i.e gap/lag acceptance or rejection are considered. Out of four input variables size of lag/gap is 
fuzzy variable is divided into three linguistic variables viz; small, medium and high. Membership function for 
lag/gap is as shown in Figure 5. Remaining three input variables are considered as crisp variables and they require 
the same treatment as fuzzy variable so as to introduce them in neuro fuzzy system.  Since female driver was rarely 
observed, variable gender is not considered. Also it was not possible to judge the exact age of the driver and 
therefore it is considered as crisp variable, 1-Young, 2-Middle Age and 3-Old. Other input variables are Occupancy 
(1, and more than 1) and Conflicting Vehicle Type (2W-1, Autorickshaw-2, Car-3 and Bus/truck-4).  
Eight different combinations of variables are used to develop eight different models (Refer Table 2) and to see 
the effect of variables on correct prediction of particular model. Development of ANFIS in MATLAB using Fuzzy 
Logic Toolbox includes three steps; Generating Takagi- Sugeno type Fuzzy Interface System (FIS), Training 
process with given set of input-output data and Testing with independent data  i.e. validation of model.   The major 
concept of fuzzy logic is the use of a linguistic variable that is, a variable whose values are words or sentences in a 
natural or synthetic language. This also leads to the use of fuzzy if-then rules, in which the antecedent and 
consequents are propositions containing linguistic variables. In first step of model development, FIS is generated by 
considering an arbitrarily chosen membership function for fuzzy variable divided with linguistic variables. Here the 
fuzzy variable is lag/gap with three linguistic variables small, medium and high. Fuzzy inference is applied to 
modelling systems whose rule structure is essentially predetermined by the user’s interpretation of the characteristics 
of the variables in the model.  Thus based on the input-output association of each model rules are generated and 
number of rules generated in each model is given in Table 2. In general the shape of the membership functions 
depends on parameters that can be adjusted to change the shape of the membership function. The parameters can be 
automatically adjusted depending on the data that we try to model, which is second step of model development. 
Training process is carried out to adjust the parameters of membership functions so as to minimize the error between 
estimated and actual observed output. Near about 80% of extracted data is used for training purpose by converting it 
into required format.  During training process two inputs are required i.e. Tolerance Error and Number of Epoches. 
Tolerance Error is used to create a training stopping criterion, which is related to the error size. Since output is not 
possible in dummy variables i.e. 1- accepted and 0- rejected, because ANFIS consists of lot of calculations and 
hence the behaviour of error is not known, therefore tolerance error value is kept to 0. While the minimum error is 
found at 2nd epoch itself hence number of epochs is set to 2 for all models. The training error after training process 
for each model is given in Table 2. In general, this type of modeling works well if the training data presented to 
ANFIS for training (estimating) membership function parameters is fully representative of the features of the data 
that the trained FIS is intended to model. This is not always the case, however. In some cases, data is collected using 
      Figure 5. Membership functions of Lags/Gaps 
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noisy measurements, and the training data cannot be representative of all the features of the data that will be 
presented to the model. This is where model validation comes into play.  
Table 2.  Models with different combination of variables with Training error 
Model No. Input Variables Considered No. of Rules Training Error 
Model 1 Lag/Gap (sec) 3 0.352 
Model 2 Lag/Gap(sec), Age of the driver 9 0.346 
Model 3 Lag/Gap (sec),Conflicting Veh. Type 12 0.336 
Model 4 Lag/Gap (sec), Occupancy 6 0.346 
Model 5 Lag/Gap(sec), Age of the driver, Conflicting Veh. Type 36 0.332 
Model 6 Lag/Gap(sec), Age of the driver, Occupancy 18 0.338 
Model 7 Lag/Gap (sec),Conflicting Veh. Type, Occupancy 24 0.330 
Model 8 Lag/Gap(sec), Age of the driver, Conflicting Veh. Type,Occupancy 72 0.302 
7. Model validation 
Eight different models with different combinations of variables developed and tested with impendent data. The 
testing error, i.e, root mean squared error (RMSE) for each model after validating with independent data is given in 
Table 3. 
Table 3. Models with different combination of variables with Training error 
Model No. Input Variables Considered Testing Error Error difference |training-testing| 
Model 1 Lag/Gap (sec) 0.354 0.002 
Model 2 Lag/Gap(sec), Age of the driver 0.336 0.01 
Model 3 Lag/Gap (sec),Conflicting Veh. Type 0.388 0.052 
Model 4 Lag/Gap (sec), Occupancy 0.361 0.015 
Model 5 Lag/Gap(sec), Age of the driver, Conflicting Veh. Type 0.414 0.082 
Model 6 Lag/Gap(sec), Age of the driver, Occupancy 0.353 0.015 
Model 7 Lag/Gap (sec),Conflicting Veh. Type, Occupancy 0.394 0.064 
Model 8 Lag/Gap(sec), Age of the driver, Conflicting Veh. Type,Occupancy 0.401 0.099 
 By observing the testing error values Model 2 has minimum testing error, but comparing the training and testing 
values for each model, Model 1 has optimum training and testing values i.e. difference between training and testing 
error is minimum. Also the error difference for Model 2, Model 4 and Model 6 is minimum as compared to others. 
Since output is not possible in dummy variables i.e. 1- accepted and 0- rejected, because ANFIS consists of lot of 
calculations and the use of these rule type implies the assumption that output variable should be considered as a 
fuzzy variable. Hence output fuzzy variable considered is possibility i.e. possibility of accepting the lag/gap.  It is 
assumed that if possibility of accepting lag/gap is greater than 0.5, then particular lag/gap is accepted. 80% 
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observations are used to train the models and remaining 20% is used for testing the models. Figure 6 shows the 
prediction of each model with actual observed output.  By observing prediction of models we  can say that Model 1 
and Model 2 are showing good prediction level with observed data compared to others. But however models 
containing variable Conflicting Vehicle Type show very low prediction level may because of noisy data. By 
observing the prediction of Model 2, we can conclude that age of the driver is important parameter in 
accepting/rejecting particular gap. Also the variable combination of Model 4 and Model 6 is showing good 
prediction.  
8. Conclusions 
This paper focuses on development of the gap acceptance behavioral model for right turning two wheelers at 
uncontrolled three-legged intersection. An adaptive neuro-fuzzy interface technique is used to develop a model. 
Data is collected using video camera which helped to extract various attributes of driver and traffic. The model 
includes variables relating to lag/gap, driver age, occupancy, and conflicting vehicle type. Eight different models 
with different combinations of variables are considered. The prediction capability of models has been compared 
with those observed data set and has shown good capability of reproducing the observed behavior.  The validation 
results in 85.00% for Model 1and Model 2, 83.33% for Model 4 and Model 6 accurate prediction. However the 
variable conflicting vehicle type is not found much effective in model prediction, while age of the driver is found to 
be important parameter in gap acceptance decision. Also the difference of tolerance error and testing error is large 
for models containing the variable, conflicting vehicle type, as compared to others.   
No study in the past has focused on the gap acceptance behavior of two-wheelers at unsignalized intersections. 
Two-wheelers usage is very high in India; thus understanding of the behavior of two-wheelers is essential in 
developing saturation flow and delay models for uncontrolled intersections. Although the models developed in the 
model are reasonably good, they can be refined with the data from more intersections. Additionally, only right 
turning traffic at three-legged intersection is considered in this study. Further studies should include other turning 
movements and four-legged intersections. On the same line gap acceptance of more vehicle classes (car, auto-
rickshaw, truck, bus, etc) should be analyzed. Many urban unsignalized intersections in India work without limited 
priorty. Future studies should include such intersections. As discussed earlier, this is our first step in the direction of 
developing saturation flow and delay model for uncontrolled intersections. We plan to collect data at more 
Figure 6. Prediction of different models 
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intersections, adopt different approaches (cellular automata, simulation, etc) and develop models to include more 
complex and realistic situations. 
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